Much recent research aims to identify evidence for Drug-Drug Interactions (DDI) and Adverse Drug reactions (ADR) from the biomedical scientific literature. In addition to this "Bibliome", the universe of social media provides a very promising source of large-scale data that can help identify DDI and ADR in ways that have not been hitherto possible. Given the large number of users, analysis of social media data may be useful to identify under-reported, population-level pathology associated with DDI, thus further contributing to improvements in population health. Moreover, tapping into this data allows us to infer drug interactions with natural products-including cannabis-which constitute an array of DDI very poorly explored by biomedical research thus far.
Introduction
The analysis of social media data has recently allowed unprecedented access to collective human behavior. The new field of Computational Social Science has brought together Informatics and Complex Systems methods to study society via social media and online data in a quanti-tative manner not previously possible. From studying social protest 1 to predicting the Stock Market, 2 most of the work has focused on Twitter -though Facebook 3 and Instagram 4 have also received some attention lately. This approach shows great promise in monitoring public health, given the ability to measure the behavior of a very large number of human subjects. 5 For instance, several studies have shown that social media analysis is useful to track and predict influenza spread, [5] [6] [7] as well as the measurement of depression. 8 In particular, the potential for adverse drug reaction (ADR) extraction from Twitter has been recently demonstrated. 9, 10 There is still, however, much work to be done in order to fulfill the potential of social media in the monitoring of public health. For instance, analysis of social media data may be useful to identify under-reported pathology, particularly in the case of conditions associated with a perceived social stigma, such as mental disorders. 11 Given access to an extremely large population, it is reasonable to expect that social media data may provide early warnings about potential drug-drug interactions (DDI) and ADR. 9 These unprecedented windows into collective human behavior may also be useful to study the use and potential interactions and effects of natural products-including cannabis. The pharmacology of such products constitute an array of DDI and ADR very poorly explored by biomedical research so far, and thus an arena where social media mining could provide important novel discoveries and insight.
Most work on social media pertaining to public health monitoring that we are aware of has relied on data from Twitter or Facebook. However, Instagram is an increasingly important platform, with unrestricted access of public posts, high availability of posts with geolocation coordinates, and images to supplement textual analysis. While Instagram has been used to qualitatively observe the type of content people post regarding health situations such as Ebola outbreaks, 12 its potential for large-scale quantitative analysis in public health has not been established. Instagram currently has more than 300 million users. 13 It surpasses Twitter and Facebook for preferred social network among teens (12) (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) in the US. In 2014 there were approximately more than 64 million active users in the US and this number is to surpass 111 million in 2019. 14 Therefore, our goal here is to explore the potential of this very important social media platform for public health monitoring and surveillance of DDI, ADR, and behavioral pathology at large. Specifically, we use literature mining and network science methods to automatically characterize and extract temporal signals for DDI and ADR from a sub-population of Instagram users.
We focused on posts and users with mentions of drugs known to treat depression (e.g. fluoxetine). The methodology developed can be easily replicated for different clinical interests (e.g. epilepsy drugs). The goal is to show that Instagram is a very rich source of data to study drug interactions and reactions that may arise in a clinical context of choice, and not depression per se. Using four different multi-word dictionaries (drug and pharmacology, natural products, cannabis, and ADR terminology), we have collected close to 7000 user timelines spanning from October 2010 to June 2015. We analyzed co-mentions in three distinct timewindows: monthly, weekly and daily. This allows the potential extraction of ADR and DDI that manifest at different time scales. From this data, we demonstrate that Instagram user timelines contain substantial data of interest to characterize DDI, ADR, and natural product use. To explore this data we have developed a monitoring tool to easily observe user-level timelines associated with drug and symptom terms of interest, which we describe below. To explore population-level associations at the different temporal scales, we compute knowledge networks that our previous work has shown to be useful for automated fact-checking, 15 proteinprotein interaction extraction, 16 and recommender systems. 17, 18 To illustrate the potential of data-driven, population-level associations, we use spectral methods to reveal network modules of symptoms and drugs, for instance those involved in psoriasis pathology. Our Instagram analysis relies on the distance closure of complex networks 18 built at distinct time resolutions, which is a novel development from related approaches to uncover ADR in Twitter . 9 
Data and Methods
We harvested from Instagram all posts containing hashtags that matched 7 drugs known to be used in the treatment of depression (# posts): fluoxetine (8, 143) , sertraline (574), paroxetine (470), citalopram (426), trazodone (227), escitalopram (117), and fluvoxamine (22) . Synonyms were resolved to the same drug name according to DrugBank ; 19 for instance, Prozac is resolved to fluoxetine, see supporting information (SI) for table of synonyms used. This resulted in a total of 9,975 posts from 6,927 users, whose complete timelines, spanning the period from October 2010 to June 2015, were collected. In total, these timelines contain 5, 329, 720 posts, which is the depression timeline dataset we analyze below.
A subset of a previously developed pharmacokinetics ontology 20 was used to obtain a drug dictionary. The full ontology contains more than 100k drugs, proteins and pharmacokinetic terms. Here we used only names of FDA-approved drugs, along with their generic name and synonyms, resulting in 17,335 drug terms. The natural product (NP) dictionary was built using terms from the list of herbal medicines and their synonyms provided by MedlinePlus. 21 It contains 179 terms (see SI). The Cannabis dictionary was assembled by searching the web for terms known to be used as synonyms for cannabis, resulting in 26 terms (see SI) optimized for precision and recall on a subset of posts (data not shown). The symptom dictionary was extracted from BICEPP 22 by collecting all entities defined as an Adverse Effect, with a few manual edits to include more synonyms; it is comprised of 250 terms.
Timeline posts were tagged with all dictionary terms (n-grams) for a total of 299,312 matches. Uppercase characters were converted to lowercase, and hashtag terms were treated like all other harvested text for the purpose of dictionary matches. We found matches for 414 drugs, 133 of which with more than 10 matches. These numbers are 148/99 and 74/46 for symptoms and NP, respectively, for a total of 636 terms. This is a substantial number of dictionary terms, given that only 7 drugs prescribed for depression were used to harvest the set of timelines. The top 25 matches for each dictionary are provided in SI. Notice that the term 'depression' was removed because of its expected high appearance. Matches in the cannabis dictionary (e.g. 420, marijuana, hashish) were aggregated into the term cannabis to be treated as a NP. The top 10 mentions are (counts shown): cannabis (66,540), anorexia (26, 872) , anxiety (26, 309) , pain (15, 677) , suicide (11, 616) , mood (11, 532) , fluoxetine (9,961), suicidal (8, 909) , ginger (7, 289) , insomnia (5, 917) .
Given the set X of all matched terms (|X| = 636), we first compute a symmetric cooccurrence graph R w (X) for time-window resolutions w = 1 month, 1 week and 1 day. These graphs are easily represented by adjacency matrices R w , where entries r ij denote the number of time-windows where terms x i and x j co-occur, in all user timelines. A matrix R w is computed for each time-window resolution independently. To obtain a normalized strength of association among the set of terms X, we computed proximity graphs, 18 P w (X) for each time-window resolution w. Thus, the entries of the adjacency matrix P w of a proximity graph are given by:
where p ij ∈ [0, 1] and p ii = 1; p ij = 0 for terms x i and x j that never co-occur in the same time-window in any timeline, and p ij = 1 when they always co-occur. This measure is the probability that two terms are mentioned in the same time window, given that one of them was mentioned. 17, 18 To ensure enough support exists in the data for proximity associations, we computed proximity weights only when r ii + r jj − r ij ≥ 10; if r ii + r jj − r ij < 10, we set
Proximity graphs are associative knowledge networks. As in any other co-occurrence method, the assumption is that items that frequently co-occur are associated with a common phenomenon. These knowledge networks have been used successfully for automated factchecking, 15 protein-protein interaction extraction, 16 and recommender systems. 17, 18 Here we use them to reveal strong associations of DDI-related terms for public health monitoring. We also compute distance graphs D w (X) for the same time-window resolutions, using the map:
In some of our analysis below, we compute the metric closure D C w (X) of the distance graphs, which is isomorphic to a specific transitive closure of the proximity graph. 18 The metric closure is equivalent to computing the shortest paths between every pair of nodes in the distance graph. Thus, d C ij is the length (sum of distance edge weights) of the shortest path between terms x i and x j in the original distance graph D w (X), and is known to scale well. 15 
A Monitoring tool for user-level behavior
From the analysis of user timelines, it is clear that Instagram is a social media platform with much data relevant for public-health monitoring. Users often discuss personal health-related information such as diagnoses and drugs prescribed. Photos posted (e.g. Figure 1 ) often depict pills and packaging, along with discussions of intake schedules, expectations and feelings.
• User A on May 25, 2014 • User B on May 13, 2015:
"I start fluoxetine tomorrow, the doctor switched me from citalopram to this so let's hope it goes better this time #anxietymeds #depressionmeds #citalopram #fluoxetine #anxiety #depression"
• User B on May 14, 2015 (one day later):
"ok so I don't know if it's the tablets that are doing this but I feel the lowest I've ever felt and I'm hoping it's not the tablets. Hopefully it's just a bad day, not that there are many good days I hope tomorrow is a better day for everyone, especially if you are feeling the same way I am. #fluoxetine #depression #anxiety #depressionmeds #anxietymeds"
• User C on Feb 05 2014:
"i survived another trip to the clinic, saw a specialist, did a test that explained i'm an INFJ (introvert) which is apperently only 1% of the population. Added risperidone and upped ritalin as well as prozac. considering this keeps me 'sane' and able to assimilate into the chaos of everyday life i think this counts as my #100happydays today #findhappinessineachday #bipolar #borderlinepersonalitydisorder #INFJ #manicdepression #goinggovernment #prozac #lamotragine #ritalin #risperidone" Given the rich data users post on Instagram, from the perspective of public-health monitoring, it is useful to be able to quickly navigate and extract posts and user timelines associated with drugs and symptoms of interest. For that purpose, we developed the Instagram Drug Explorer a , a web application to explore, tag, and visualize the data. This tool also allows downstream improvement of our dictionaries by observing important discourse features not tagged. Figure 2 shows four screenshots with some of the current features: A) the possibility of defining multiple drugs of interest per project; B) a user timeline view that tags class-specific dictionary matches and displays post frequency in time and where individual posts can be quickly selected to be C) visualized separately; D) a summary of posts from user timelines of interest. Another feature (not shown) is the display of geo-located posts using overlay maps, which can be useful, for instance, to monitor users in places of interest, such as schools, clinics, and hospitals. Using this tool to inspect and select timelines with high number of matches, we were able to identify particularly relevant user timelines such as the one depicted in Figure 3 , which contains matches from all four dictionaries, and varying post frequency. 
Network analysis of associations in population-level behavior
Using the proximity or the isomorphic distance graphs ( §2), we can explore strong pairwise term associations that arise from the collection of 5, 329, 720 posts from the population of 6, 927 users in the study. The assumption is that dictionary terms that tend to co-occur in a substantial number of user timelines may reveal important interactions among drugs, symptoms, and natural products. Moreover, because we computed these knowledge networks at different time resolutions, we can explore term associations at different time scales: day, week, and month. Naturally, a statistical term correlation is not necessarily a causal interaction; also a drug-symptom association may reveal a condition treated by the drug, rather than an adverse reaction. But large-scale analysis of social media data for relational inference must start with the identification of multivariate correlations, which can be subsequently refined, namely with supervised classification and NLP methods. Here, as a first step in the analysis of Instagram data for public health monitoring, we use unsupervised network science methods to extract term associations of potential interest.
a http://informatics.indiana.edu/rocha/IDE.
Consider the proximity networks P w (X) for time resolution w = 1 week. The full network contains |X| = 636 terms (see Figure 5A for its largest connected component); Figure 4 (left) lists the top 25 drug/NP vs symptom associations, as well as the adjacency matrix of the distance subgraph D w (X) for these drug/NP and symptom pairs (right). The proximity and distance graphs are isomorphic ( §2), but proximity edge weights (left) are directly interpretable as a co-occurrence probability (eq. 1), while the isomorphic nonlinear map to distance (eq. 2) provides greater discrimination in the visualization of the adjacency matrix (right). Of the 25 to associations listed in Figure 4 (left), 12 are known or very likely ADR, 7 do not have conclusive studies but are deemed possible ADR from patient reports, 4 refer to associations between drugs/NP and symptoms they are indicated to treat, 1 has been shown to not be ADR, and 1 is unknown (evidence in SI). Thus, the strongest edges in the 1 week resolution network are relevant drug/NP-symptom associations. Furthermore, our methodology allows an analyst to collect (via the Drug Explorer tool §3) all the individual timelines and posts that support every association (edge) in the proximity networks, supporting a much more detailed study of the affected population-including for the purpose of fine-tuning dictionaries and mining techniques to better capture the semantics of specific populations.
The proximity networks P w (X) also allow us to visualize, explore and search the "conceptual space" of drugs, symptoms, and NP as they co-occur in the depression timeline dataset. The largest connected component of the proximity network for w = 1 week is shown in Figure  5A . The network representation allows us to find clusters of associations, beyond term pairs, which may be related via the same underlying phenomenon. Many multivariate and network analysis methods can be used to uncover modular organization. 23 To exemplify, here we use the Principal Component Analysis (PCA) 24 of the proximity network adjacency matrix, which reveals potential phenomena of interest.
For instance, Figure 5 , depicts a set of terms correlated with principal component (PC) 
(red)-others could be chosen (see SI)
. The subnetwork of these terms is depicted in Figure 5D . and it reveals a set of terms denoting a complex interaction of conditions which are coherent with what is becoming known about Psoriasis. Several of the edges associate terms related to heart disease, stroke, hypertension, hypotension, and diabetes which are high risks for Psoriasis patients, 25 including potential drug interactions (Metformin for Diabetes, Verapimil for high blood pressure and Stroke). This subnetwork also reveals associations with Psoriasis which are currently receiving some attention, such as with viral hepatitis 26 and seizure disorder. 27 Naturally, the network also includes many terms associated with skin infections and immune reactions. The Psoriasis subnetwork is just an example of a multi-term phenomenon of interest that is represented in the whole network; other PCA components are shown in SI, including additional analysis of the Psoriasis subnetwork. Importantly, we can identify users who may be experiencing this cluster of symptoms by following the posts and timelines behind the weights in the subnetwork, which is useful for public health monitoring. While the Psoriasis subnetwork was discovered purely by data-driven analysis, another way to use these networks is to to query them for specific terms most associated with a set of drugs or symptoms of interest. This problem of finding which other items A ⊆ X are near a set of query items Q ⊆ X (including a subnetwork of interest) is common in recommender systems and information retrieval. 17 The answer set A can be computed as:
where Φ is an operator of choice, p ij is the proximity weight between terms x i and x j ( §2), and α is a desired threshold. If we are interested in a set of terms A which are strongly related to every term in query set Q, then we use Φ = min. If we are interested in terms strongly related to at least one term in Q, then Φ = max. For a compromise between the two, we can use Φ = avg (average). Consider the query Q = {fluoxetine, anorexia} on the network of Figure 5A (w = 1 week). Using Φ = min, we obtain an answer set with terms strongly related to both query terms (ordered by relevance): A = {suicidal, suicide, anxiety, pain, mood, cinnamon, insomnia, soy, headache, mania, chia, cannabis }. For the query Q = {psoriasis, heart failure, stroke } using Φ = avg, we obtain (ordered by relevance): A = {infections, diarrhea, hypertension, seizures, hepatitis, constipation, dermatitis, glaucoma, vomiting }, which relates to the discussion above. Additional query examples and details of the network search interface are shown in SI.
Proximity P w (X) networks are useful to discover associations between terms which cooccur in time windows w of user timelines ( §4). But they are also useful to infer indirect associations between terms. In other words, terms that do not co-occur much in user timelines, but which tend to co-occur with the same other terms. In network science indirect associations are typically obtained via the computation of shortest path algorithms on the isomorphic distance graphs D w (X). 18 Terms which are very strongly connected via indirect paths, but weakly connected via direct edges, break transitivity criteria. 18 We have previously shown that such indirect paths are useful to predict novel trends in recommender systems, 18 and are also instrumental to infer factual associations in knowledge networks. 15 In this context, the hypothesis is that strongly indirectly associated terms may reveal unknown DDI and ADR. To find the term pairs that most break transitivity we compute all shortest paths in the networks (via Dijkstra's algorithm): the metric closure D C w (X). Figure 6 lists the top 25 drug/NP vs symptom associations which most break transitivity. In other words, these are term pairs which are very strongly associated via indirect paths, but very weakly associated directly. Of the extracted associations listed in the table of Figure 6 , 6 are known or likely ADR, 3 are possible ADR from patient reports but no conclusive study, 2 refer to associations between drugs/NP and symptoms they are indicated to treat, and all other 14 are unknown (evidence provided in SI). Thus, unlike the case of direct associations (Figure 4) , there is less evidence for the indirect associations in the literature. This could be because they are false associations, or because they have not been discovered yet. Validating these associations empirically is left for forthcoming work; here the goal is to show how network analysis methods can be used to select such latent associations which are highly implied by indirect paths (transitivity) but are not directly observed in user post co-mentions.
Similarly to what was done with direct associations above, we can also query the proximity network obtained after shortest path computation P C w (X) (the isomorphic proximity graph to
For instance, if we query the original w = 1 week proximity network P C w (X)
(the one depicted in Figure 5A ) with Q = {psoriasis, metformin} (a type 2 diabetes drug), using Φ = min, we obtain A = {montelukast , hypertension, dermatitis, hypotension, hepatitis} as the top 5 terms-montelukast is a drug used to treat allergies. If we now use the same query Q on the metric closure network P C w (X) instead, the top 5 answer set becomes A C = {montelukast, hypotension, naloxone, allopurinol, hypertension} (full query results in SI). In other words, after computing shortest paths,naloxone (a synthetic opiate antagonist used to reverse the effects, including addiction, caused by narcorics) and allopurinol (a drug used to treat gout, kidney stones, and decrease levels of uric acid in cancer patients), become more strongly associated with the query terms. These indirect associations to do not occur very strongly in the observed Instagram timeline data, but are strongly implied by indirect paths in the network of term proximity. In this case, the latent associations may provide additional evidence supporting recent observations that psoriasis (an autoimmune condition) is linked to heart disease, cancer, diabetes and depression. 25 
Discussion and Future Directions
Our preliminary analysis demonstrates that there exists a substantial health-related user community in Instagram who posts about their health conditions and medications. The drug, NP and symptom dictionaries we employed extracted a large number of posts with such data, enough to build knowledge networks of hundreds of terms representing the pharmacology and symptomatic "conceptual space" of Instagram users posting about depression. Our results and software further demonstrate that such space can be navigated for public health monitoring, whereby analysts can search and visualize user timelines of interest. Furthermore, the network representation of this space allows us to extract population-level term associations and subnetworks of terms arising from underlying (modular) phenomena of interest-such as the Psoriasis network involving various related conditions. Thus, Instagram data shows great potential for public health monitoring and surveillance for DDI and ADR.
Direct associations in the knowledge networks are substantiated by actual co-mentions in posts from user timelines, which can subsequently be retrieved by public health analysts using our drug explorer application. In our preliminary work, the top extracted direct associations are shown to be backed by the literature, but we intend to pursue the systematic validation of such associations in future work. Network methods also allow us to uncover indirect associations among terms. These may reveal latent, yet unknown, associations, and as such, very relevant for public health monitoring. Studying the network of indirect associations can be further used to understand community structure as well as redundancy in the data, which we intend to study next. We have analyzed posts and user timelines related to depression only. Adding additional conditions of interest (e.g. epilepsy or psoriasis) to extract additional posts would monitor different communities, and would likely improve the overall extraction of associations, which we intend to test in the near future. While the drug dictionary is quite well developed already, the NP and symptoms dictionaries need to be further developed, especially towards increasing the terminology associated with symptoms as well as on catching particular linguistic expressions of symptoms in Instagram. The development of named entity recognition tailored to Instagram is another avenue we intend to pursue, starting from and expanding what has already been done for Twitter. 10 The methodology we describe here allows us to discern drug, NP and symptom associations derived from user timeline co-mentions at different timescales. All the results displayed pertain to a one week window, however we also computed day and month windows. The comparison of results at different timescales would allow, in principle, the discovery of more immediate as well as more delayed interactions. Such a comparison is also something we intend to pursue in forthcoming work. Finally, the timeseries analysis of user timelines can be used to detect discernible changes in behavior for users and groups of users. One could track, for instance, critical changes in mood associated with the onset of depression, 28 which constitutes yet another exciting avenue to pursue with this line of research.
Our preliminary analysis demonstrates that Instagram is a very powerful source of data of potential benefit to monitor and uncover DDI and ADR. Moreover, our work shows that complex network analysis provides an important toolbox to extract health-related associations and their support from large-scale social media data.
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Hashtags collected
These are the drug names that were collected using the Instagram API. A post was collected if the user mentioned the name of the drug or its synonyms as a hashtag (#) in the post caption or comment with it. 
Herbal Medicine Terms
The herbal medicine terms were extracted from the US National Library of Medicine. For each herb all it's common names were included, for example: "açaí" (herb) and "amazonian palm berry" (synonym). reference: http://www.nlm.nih.gov/medlineplus/herbalmedicine.html acai, amazonian palm berry, aloe vera, aloe, burn plant, lily of the desert, elephants gall, aristolochic acids, aristolochia, asarum, asian ginseng, ginseng, chinese ginseng, korean ginseng, asiatic ginseng, astragalus, bei qi, huang qi, ogi, hwanggi, milk vetch, bilberry, european blueberry, whortleberry, huckleberry, bitter orange, seville orange, sour orange, zhi shi, black cohosh, black snakeroot, macrotys, bugbane, bugwort, rattleroot, rattleweed, butterbur, petasites, purple butterbur, petadolex, cats claw, una de gato, chamomile, german chamomile, chasteberry, chastetree berry, vitex, monks pepper, cinnamon, cinnamon bark, ceylon cinnamon, cassia cinnamon, chinese cinnamon, cranberry, american cranberry, bog cranberry, dandelion, lions tooth, blowball, echinacea, purple coneflower, coneflower, american coneflower, ephedra, chinese ephedra, ma huang, elderberry, european elder, black elder, elder, elderberry, elder flower, sambucus, mistletoe, european mistletoe, epo, evening primrose oil, fenugreek, fenugreek seed, feverfew, bachelors buttons, featherfew, flaxseed, flaxseed oil, linseed, garlic, ginger, ginkgo, ginkgo biloba, fossil tree, maidenhair tree, japanese silver apricot, baiguo, bai guo ye, kew tree, yinhsing, goldenseal, yellow root, grape seed extract, green tea, chinese tea, japanese tea, hawthorn, english hawthorn, harthorne, hawthorne, haw, hoodia, kalahari cactus, xhoba, horse chestnut, buckeye, spanish chestnut, kava, kava kava, awa, kava pepper, lavender, english lavender, garden lavender, licorice, licorice root, liquorice, sweet root, gan zao, chinese licorice, milk thistle, mary thistle, holy thistle, silymarin, silybinin, silibinin, silybin, noni, morinda, indian mulberry, hog apple, canary wood, passionflower, maypop, apricot vine, old field apricot, maracuja, water lemon, peppermint oil, red clover, cow clover, meadow clover, wild clover, red yeast rice, sage, black sage, broadleafed sage, common sage, saw palmetto, american dwarf palm tree, cabbage palm, soy, st. johns wort, hypericum, klamath weed, goatweed, tea tree oil, australian tea tree oil, tea tree essential oil, melaleuca oil, thunder god vine, lei gong teng, turmeric, turmeric root, indian saffron, valerian, allheal, garden heliotrope, chia, chia seeds, yohimbe, yohimbe bark.
Cannabis Terms
These are the dictionary of terms for Cannabis used in the analysis:
cannabis, marijuana, marihuana, maryjane, mary jane, doobie, ganja, hashish, bhang, maconha, skunk, weed, dagga, hashish, pot, bud, herb, haze, joint, blunt, chronic, dank, hash, hierba, mota, 420. Preliminary evidence for drug-symptoms associations (Figure 4) 
Top 25 Mentions
1) naloxone -hypotension (proximity: 0.4285) -Symptom
Indications: "For the complete or partial reversal of narcotic depression, including respiratory depression, induced by opioids including natural and synthetic narcotics, propoxyphene, methadone and the narcoticantagonist analgesics: nalbuphine, pentazocine and butorphanol. It is also indicated for the diagnosis of suspected acute opioid overdose. It may also be used as an adjunctive agent to increase blood pressure in the management of septic shock." [1] Pharmacodynamics: "Naloxone is an opiate antagonist and prevents or reverses the effects of opioids including respiratory depression, sedation and hypotension " [1] references: 1. DrugBank
2) allopurinol -hypotension (proximity: 0.4117) -Possible ADR
Indication: "For the treatment of hyperuricemia associated with primary or secondary gout. Also indicated for the treatment of primary or secondary uric acid nephropathy, with or without the symptoms of gout, as well as chemotherapyinduced hyperuricemia and recurrent renal calculi." [1] "Hyperuricemia is associated strongly with the development of hypertension, renal disease, and progression. Allopurinol decreases serum uric acid levels by inhibiting the enzyme xanthine oxidase." [2] Evidence points against it in study of patients who take medication for arterial hypertension [3] , however, some evidence for ADR exists from patient reports [4] . 
3) montelukast -hypotension (proximity: 0.3076) -Possible ADR
Indications: "For the treatment of asthma" [1] No study found, but some evidence of ADR especially with patients who take Lorazepam for anxiety and depression [2] . 
6) hydroxychloroquine -neuropathy (proximity: ) -Possible ADR (unknown, 1 case)
Indications: "For the suppressive treatment and treatment of acute attacks of malaria due to Plasmodium vivax, P. malariae, P. ovale, and susceptible strains of P. falciparum. It is also indicated for the treatment of discoid and systemic lupus erythematosus (LE) , and rheumatoid arthritis" [1] . Toxicity: "Symptoms of overdose include headache, drowsiness, visual disturbances, cardiovascular collapse, and convulsions, followed by sudden and early respiratory and cardiac arrest. The electrocardiogram may reveal atrial standstill, nodal rhythm, prolonged intraventricular conduction time, and progressive bradycardia leading to ventricular fibrillation and/or arrest." [1] "Chloroquine and hydroxychloroquine (HCQ) are commonly prescribed antimalarial agents used for a variety of systemic diseases. In this report, we describe a patient with rheumatoid arthritis and respiratory failure associated with proximal myopathy secondary to HCQ. Patients treated with HCQ in whom proximal myopathy, neuropathy , or cardiomyopathy develop should be evaluated for possible HCQ toxicity ." [2] references: 1. DrugBank 2. http://journal.publications.chestnet.org/article.aspx?articleid=1084931
7) ribavirin -angina (proximity: 0.2894) -ADR
Indications: "For the treatment of chronic hepatitis C and for respiratory syncytial virus (RSV)." [1] Contraindications to ribavirin include endstage renal failure, anaemia, severe heart disease, pregnancy and inadequate contraception. The major sideeffect of ribavirin is haemolytic anaemia, which can be severe. Cardiovascular disease should be carefully excluded in patients considered for combination therapy, as anaemia may lead to angina or heart failure in these patients. [2] references: 
9) tiotropium -angina (proximity: 0.2857) -ADR
Indications: "Used in the management of chronic obstructive pulmonary disease (COPD)" [1] "Cardiac angina was more common on active treatments than placebo" [2] references: 1. DrugBank
10) tiotropium -hypotension (proximity: 0.2857) -Unknown, possible ADR
Indications: "Used in the management of chronic obstructive pulmonary disease (COPD)" [1] . No studies with results found. Some evidence of possible ADR [2] .
references: 1. DrugBank 2. http://factmed.com/studyTIOTROPIUMcausingHYPOTENSION.php
11) vasopressin -rhinitis (proximity: 0.2727) -ADR
Indications: " For the treatment of enuresis, polyuria, diabetes insipidus, polydipsia and oesophageal varices with bleeding " [1] "Also known as "desmopressin" (1deamino8Dargininevasopressin) [2] . Nasal congestion and rhinitis have been reported with nasal spray formulations. 
15) naloxone -angina (proximity: 0.25) -No evidence of ADR
Indications: "For the complete or partial reversal of narcotic depression, including respiratory depression, induced by opioids including natural and synthetic narcotics, propoxyphene, methadone and the narcoticantagonist analgesics: nalbuphine, pentazocine and butorphanol. It is also indicated for the diagnosis of suspected acute opioid overdose. It may also be used as an adjunctive agent to increase blood pressure in the management of septic shock." [1] Small study on patients with coronary disease showed no evidence of ADR [2] .
references:
1. DrugBank 2. http://www.ncbi.nlm.nih.gov/pubmed/6496361
16) verapamil -hypotension (proximity: 0.2333) -ADR
Indications: "For the treatment of hypertension , angina, and cluster headache prophylaxis." [1] references:
The use of verapamil in the treatment of cardiac disease is becoming more frequent. In general, it is used for the reversal of a supraver/tricular tachycardia and this can be achieved safely and effectively with the minimum of side effects [4] , of which the most common one is transient, mild hypotension . 
18) adalimumab -gastritis (proximity: 0.2271) -Symptom
"Crohn's disease (CD) is an inflammatory bowel disease. It causes inflammation of the lining of your digestive tract, which can lead to abdominal pain, severe diarrhea, fatigue, weight loss and malnutrition" [2] . "CD most often manifests in late adolescence or early adulthood. Adalimumab is a fully human immunoglobulin G1 monoclonal antibody to tumour necrosis factor that is administered subcutaneously and is indicated for use in adults with CD who have had an inadequate response to conventional therapy. However,clinical trial experience with adalimumab in CD is limited to adults" [1] . "It was also found as an adverse reaction in one patient on a controlled experiment to evaluate the efficacy of adalimumab in juvenile idiopathic arthritisassociated uveitis" [3] . Indications: "For the treatment of chronic hepatitis C and for respiratory syncytial virus (RSV)." [1] "Adverse events induced by interferon therapy are numerous but myopathy is rare and has not been described with the use of pegylated interferona. We report the case of a 33yearold Caucasian man who was successfully treated for acute hepatitis C with the combination of pegylated interferona2b and ribavirin , and who during treatment developed myopathy which proved reversible." [2] references: references: 1. DrugBank
3) cabergoline -hypotension (metric closure proximity: 0.21) -Possible ADR
Indications: "For the treatment of hyperprolactinemic disorders, either idiopathic or due to prolactinoma (prolactinsecreting adenomas). May also be used to manage symptoms of Parkinsonian Syndrome as monotherapy during initial symptomatic management or as an adjunct to levodopa therapy during advanced stages of disease." [1] "Initial doses higher than 1.0 mg may produce orthostatic hypotension . Care should be exercised when administering Cabergoline with other medications known to lower blood pressure." [2] references: 2. DrugBank 3. http://www.drugs.com/pro/cabergoline.html
4) primidone -hypotension (metric closure proximity: 0.196) -ADR (overdose)
Indications: "For the treatment of epilepsy" [1] Case: Laboratory studies demonstrated extremely high serum concentrations of methsuximide (98.5 mg/liter) and primidone (62 mg/liter), and she was admitted to overdose of primidone. [...] she developed hypotension with urine output decreased to 3ml/h and a systolic blood pressure of 5060 mmHg [2] . Other cases, see [3] references: 
8) vasopressin -hypotension (metric closure proximity: 0.184) -Unknown
Indications: "For the treatment of enuresis, polyuria, diabetes insipidus, polydipsia and oesophageal varices with bleeding" [1] references: 1. DrugBank
9) montelukast -angina (metric closure proximity: 0.180) -Symptom
" Montelukast is a leukotriene receptor antagonist (LTRA) used for the maintenance treatment of asthma and to relieve symptoms of seasonal allergies" [1] and are also " useful in treating angina , cerebral spasm, glomerular nephritis, hepatitis, endotoxemia, uveitis, and allograft rejection". [2] references: 1. DrugBank 2. Patent: https://www.google.com/patents/US5565473
10) lidocaine -angina (metric closure proximity: 0.177) -Symptom
Indications: "Indications: "For production of local or regional anesthesia by infiltration techniques such as percutaneous injection and intravenous regional anesthesia by peripheral nerve block techniques such as brachial plexus and intercostal and by central neural techniques such as lumbar and caudal epidural blocks." [1] " Lidocaine is an anesthetic agent indicated for production of local or regional anesthesia and in the treatment of ventricular tachycardia occurring during cardiac manipulation, such as surgery or catheterization, or which may occur during acute myocardial infarction, digitalis toxicity, or other cardiac diseases." [1] references: 1. DrugBank
11) liraglutide -hypotension (metric closure proximity: 0.174) -ADR
Indications: "For use in/treatment of diabetes mellitus type 2." [1] Cardiovascular Side Effects: Very common (10% or more): Increases in mean resting heart rate; Common (1% to 10%): Hypotension [2] . 
13) cinnarizine -angina (metric closure proximity: 0.163) -Unknown
Indications: "For the treatment of vertigo/meniere's disease, nausea and vomiting, motion sickness and also useful for vestibular symptoms of other origins." [1] references: 1. DrugBank
14) bethanechol -angina (metric closure proximity: 0.163) -Unknown
Indications: "For the treatment of acute postoperative and postpartum nonobstructive (functional) urinary retention and for neurogenic atony of the urinary bladder with retention." [1] references: 1. DrugBank
15) cabergoline -angina (metric closure proximity: 0.163) -Unknown
Indications: "For the treatment of hyperprolactinemic disorders, either idiopathic or due to prolactinoma (prolactinsecreting adenomas). May also be used to manage symptoms of Parkinsonian Syndrome as monotherapy during initial symptomatic management or as an adjunct to levodopa therapy during advanced stages of disease." [1] references: 1. DrugBank
16) allopurinol -myopathy (metric closure proximity: 0.158) -Unknown
Indications: "For the treatment of hyperuricemia associated with primary or secondary gout. Also indicated for the treatment of primary or secondary uric acid nephropathy, with or without the symptoms of gout, as well as chemotherapyinduced hyperuricemia and recurrent renal calculi." [1] references: 1. DrugBank
17) cilostazol -hypotension (metric closure proximity: 0.156) -ADR (overdose)
Indications: "For the reduction of symptoms of intermittent claudication (pain in the legs that occurs with walking and disappears with rest)." [1] "Information on acute overdosage with cilostazol in humans is limited. The signs and symptoms of an acute overdose can be anticipated to be those of excessive pharmacologic effect: severe headache, diarrhea, hypotension , tachycardia, and possibly cardiac arrhythmias." [1] references: 1. DrugBank
18) follitropin beta -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "For treatment of female infertility" [1] references: 4. DrugBank
19) tetrabenazine -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "Treatment of hyperkinetic movement disorders like chorea in Huntington's disease, hemiballismus, senile chorea, Tourette syndrome and other tic disorders, and tardive dyskinesia" [1] references: 5. DrugBank
20) nevirapine -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "For use in combination with other antiretroviral drugs in the ongoing treatment of HIV1 infection." [1] references: 6. DrugBank
21) flumazenil -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "For the complete or partial reversal of the sedative effects of benzodiazepines in cases where general anesthesia has been induced and/or maintained with benzodiazepines, and where sedation has been produced with benzodiazepines for diagnostic and therapeutic procedures. Also for the management of benzodiazepine overdose as an adjunct for appropriate supportive and symptomatic measures." [1] references: 7. DrugBank
22) alendronate -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "For the treatment and prevention of osteoporosis in women and Paget's disease of bone in both men and women." [1] references: 8. DrugBank
23) betahistine -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "For the reduction of episodes of vertigo association with Ménière's disease." [1] references: 9. DrugBank
24) natamycin -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "For the treatment of fungal blepharitis, conjunctivitis, and keratitis caused by susceptible organisms including Fusarium solani keratitis." [1] references: 10. DrugBank
25) prasugrel -hypotension (metric closure proximity: 0.156) -Unknown
Indications: "ndicated in combination with acetylsalicylic acid (ASA) to prevent atherothrombotic events in patients with acute coronary syndrome (ACS) who are to be managed with percutaneous coronary intervention (PCI)" [1] references: 11. DrugBank
Psoriasis network identified with PC 4 and colored by PC5
PC5 further characterizes the Psoriasis network identified with PC 4, uncovering two subnetwork clusters. Red (green) nodes are (anti)correlated with PC5. Red nodes are associated with a number of drugs (such as metformin for Diabetes) as well as is related to hypotension, angina, and heart failure. The green nodes are, in turn, associated hypertension as well as the cluster of conditions linked to psoriasis such as glaucoma, hepatitis, arthritis, seizures and stroke. Additionally, red nodes are associated with depression drugs citalopram and sertraline which are external to subnetwork of PC4 but strongly correlated with PC5, as well as psychosis and related conditions. Green nodes are also associated with many NP terms which are external to subnetwork of PC4 but strongly anticorrelated with PC5.
Some of the NP anticorrelated with PC5 are: turmeric, aloe, acai, flaxseed, elderberry, echinacea, peppermint oil, licorice, chamomile, fenugreek, valerian.
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